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Supplementary Methods
Comparative risk assessment (CRA) methods were used to estimate the burden of disease attributable to shifts in temperature associated with climate change [1] [2] [3] , using as a baseline previous estimates of the 2008 burden of disease attributable to unsafe WSH in China 4 derived from data sources detailed below. The analysis was carried out for 31 provincial level administrative districts within China, consisting of 22 provinces, 5 autonomous regions, and 4 municipalities. Projections of the burden of WSHattributable disease were adjusted to account for population growth, urbanization, and changes in provincial age distribution. In order to account for uncertainty in both future climate conditions and future infrastructure development, we constructed 12 storylines (main manuscript text, Table 1 ) by combining output from four representative concentration pathways (RCPs) 5 and three projections of access to improved water and sanitation infrastructure, as we describe in detail the sections below.
To project the burden of WSH-attributable disease in China forward under climate change conditions at the provincial scale, we followed standard comparative risk assessment methods 1, 3 , carrying out the following analytical steps:
1. identification of climate sensitive health outcomes 2. quantitative estimation of the climate-health relationship 3 . definition of exposure scenarios, and 4. estimation of the attributable burdens of disease 1. Identification of climate sensitive health outcomes and literature review WSH-attributable disease was defined to include diseases resulting from consumption of contaminated water; poor personal, domestic, or agricultural hygiene associated with a lack of access to clean or adequate water; and direct contact with water-dwelling vectors or pathogens, as described previously 6 . A systematic literature review was conducted to identify studies quantifying the relationship between climate components and incidence of diarrheal diseases, malaria, dengue fever, and Japanese encephalitis, as well as STH and schistosomiasis prevalence. The literature review was performed across medical, environmental health, environmental science, and demographic journals using PubMed, EBSCO Host, and Google Scholar. In addition to examining prior reviews 2, [7] [8] [9] for relevant publications, the search involved the following MeSH terms and keywords: 'climate change,' 'global warming,' 'temperature,' 'precipitation,' 'rainfall,' 'humidity,' 'health' and 'diarrhea,' 'malaria,' 'dengue,' 'Japanese encephalitis,' and 'risk.' Studies were selected for inclusion if they provided effect measures describing the relationship between temperature change and WSH-attributable disease incidence (diarrheal and vector-borne diseases) or prevalence (STH and schistosomiasis), allowing for the conversion of these effect measures to estimates of , the change in rate ratios for a 1C change in temperature. Only studies that provided their sample size and standard error were included in the analysis in order to support an aggregation of results using metaanalysis techniques. Manuscripts describing the relationship between climate variation and agent-specific diarrheal disease were excluded, given the many, varied etiologies of diarrheal disease and the inability to integrate the results of such studies into the current exposure-based analysis. The literature review provided the basis of the quantitative estimation of climate-health relationships described below.
While climate change will impact temperature, precipitation, relative humidity, and variability in these and other climate components, the limited availability of epidemiological studies accounting for variation in these three variables restricted the current analysis to the response of disease incidence and prevalence to changes in temperature (°C). Studies pertaining to observed relationships between diarrheal disease incidence and discrete precipitation events [10] [11] [12] [13] , continuous precipitation 13, 14 , and relative humidity 15, 16 were also discovered during the course of the literature review; however, due to the difficulty in developing estimates of the compounded impact of more than one climate variable on disease incidence, the analysis was restricted to the impact of temperature alone. Similarly, for helminthiases the review of the literature identified two review articles 17, 18 ; one article describing the relationship between schistosomiasis infection and modifiable environmental risk factors 19 ; and one analysis carrying out predictive risk mapping to identify the probable distribution of schistosomiasis under altered climate conditions 20 . As these articles did not describe the relationship between climate variables and the incidence or prevalence of schistosomiasis and soil transmitted helminths, these diseases were excluded from the present analysis. Thus the analysis was restricted to the impact of temperature variation on diarrheal diseases, malaria, dengue fever, and Japanese encephalitis.
The results of the reviewed literature were used to estimate , the proportional change in the rate ratio of each WSH-attributable disease associated with a 1°C increase in surface temperature. Because the risk of diarrheal diseases and the impact of climate on diarrheal diseases may vary depending on access to water and sanitation infrastructure, estimates were stratified by water and sanitation access scenarios. When multiple estimates were identified for a given disease and, in the case of diarrheal diseases, water and sanitation access scenarios, the results were aggregated using standard random effects meta-analysis methods 21 . The specific methods used for estimating changes in disease burden for each disease are described in detail below.
Quantitative estimation of climate-health relationships

Diarrheal diseases
Where prior estimates have assumed a limited impact of climate change on diarrheal disease in countries where the per capita GDP is greater than US$6,000 per year 1 , studies in North America and Europe indicate that high-income countries are also susceptible to the effects of climate change on water and sanitation-attributable disease 12, [22] [23] [24] . Therefore, our analysis did not include the impact of changing GDP on WSH-attributable disease, focusing instead on the potential impact that urbanization, changing demographic structure, and varying rates of access to improved water and sanitation would have on our outcome.
Because the impact of increases in temperature on diarrheal disease may vary depending on WSH access, each published αestimate for diarrheal diseases was matched to a water and sanitation access scenarios based on the locations in which the research was conducted (see Supplementary Table 1) . We classified studies into water and sanitation access scenarios typically found in China as described in our previous work 4 . While earlier work by Pruss and colleagues (2002) described six water and sanitation access scenarios, they noted that scenarios I and III do not occur on a large scale, and are therefore negligible in larger scale analyses 6 . Our 2008 analysis provided China-specific rate ratios (RRs) for WSH-attributable disease stratified by water and sanitation access scenario for scenarios II, IV, Va, Vb, and VI 4 . Due to the limited number of available studies identified by our review of the literature quantifying the climate sensitivity of diarrheal disease, as well as limited data on the water and sanitation access of the study populations in reviewed literature, we were unable to confidently distinguish between studies fitting scenario Va versus scenario Vb. Thus, we used the more conservative (smaller) baseline RR of the two scenarios, as determined by the China-specific literature review described previously 4 , and grouped the populations of scenarios Va and Vb into 'Scenario V' for the remainder of the present analysis. Due to the challenges of matching studies to water and sanitation access scenarios and the small number of available studies used to estimate  values within each water and sanitation access scenario, a parallel analysis was carried out using a single, aggregate α value obtained by combining all effect measures identified in the literature review 21 .
The α estimates were used to adjust scenario-specific RRs of diarrheal diseases attributable to unsafe water and sanitation determined by our 2008 analysis (termed 'RR baseline '; see equation 1.1) 4 . The result was an adjusted rate ratio (RR adjusted ) describing the RR of diarrheal diseases associated with exposure to the projected change in temperature (T, °C; see Definition of climate exposure scenarios), within a specific province, , for a population in a given water and sanitation access scenario, :
The total population in each province was allocated proportionally into water and sanitation access scenarios () based on each of the three development paths used to project changes in water and sanitation access and changing demographics (see Estimation of the climate change attributable burden of disease, below). As described in our prior work 4 , we assumed all urban populations had water and sanitation access corresponding with scenario II (main text 
The IR projected, of WSH-attributable diarrheal diseases was calculated for each province in 2020 and 2030, and age-and sex-specific estimates of incidence and mortality were estimated (see Estimation of the climate change attributable burden of disease, below). China-wide incidence and mortality rates were drawn from our previous work 4 .
Vector-borne disease
Similar to equation 1.1, we used estimates of  extracted from the literature review to estimate an adjusted incidence rate (IR adjusted ) expressing the incidence of either malaria, dengue fever, or Japanese encephalitis associated with exposure to the projected change in temperature (T, °C; see Definition of climate exposure scenarios) for the population in a specific province, :
The baseline WSH-attributable incidence rates of malaria, dengue fever, and Japanese encephalitis in 2020 and 2030 were calculated using projected population 25, 27 and age distributions 25 for each province (see Estimation of the climate change attributable burden of disease, below), while assuming that the province-and age-specific incidence rates of WSH-attributable vector-borne disease from our prior work were held constant 4 . The analysis did not account for vector range expansion or contraction, and instead simply considered the climate change attributable change in incidence anticipated in the provinces and age categories where malaria, dengue fever, and Japanese encephalitis are currently observed.
Definition of climate exposure scenarios
Climate exposure scenarios accounted for changing temperatures associated with climate change and simultaneous shifts in China's total and regional populations. The years 2020 and 2030 were chosen as time horizons for our analysis in order to provide estimates that could be used to inform the upcoming 13 th Five-Year Plan for China, as well as subsequent development planning. We chose to focus on shifts in temperature due to the difficulty in developing estimates of the compounded impact of more than one climate variable on disease incidence.
Monthly temperature projections generated by the HadGEM2-ES (1.25° latitude x 1.875° longitude) global climate model 28 were obtained from the CMIP5 database 29 .
Output was acquired for model runs representing the four RCPs used by the Intergovernmental Panel on Climate Change (IPCC) in the fifth assessment report (RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5) 5, 28 . These RCP scenarios were developed for use in climate simulation to provide information on possible development trajectories and their impact on major greenhouse gases, in a fashion comparable to the previously used Special Report on Emissions Scenarios (SRES) scenarios 5, 30 . RCP 2.6 is consistent with a scenario describing stringent climate policies to limit greenhouse gas emissions, leading to a very low radiative forcing level, while RCPs 4.5 and 6.0 describe moderate stabilization of greenhouse gas emissions. RCP 8.5 is consistent with a very high baseline greenhouse gas emission scenario with high population growth and lower incomes in developing countries 5 .
Depending on the subject of study, reference climates can be defined using relatively short (e.g., 3-8 year [31] [32] [33] ) or long (e.g., 20-30 year [34] [35] [36] ) periods. In this study, human health impacts of near-term changes in climate were evaluated in order to facilitate policy-making in China, and thus a short reference period was selected-centered on the year (2008) for which baseline estimates of disease were available , and the resulting temperature differences were then averaged both temporally and spatially, over the 5-year period and across each province, to produce the semi-decadal mean monthly surface temperature deviation from the 2008 reference climate in each province, Td  , °C; equation 2.1). An evaluation was carried out using 53 members of 33 CMIP5 models to assess the degree to which the five-year reference period was representative of the entire decade, and to evaluate how results of a health model based on the HadGEM2-ES member r2i1p1 used here may differ from those based on other CMIP5 models/members (see Supplementary Results). The spatially averaged difference between the 2008 mean monthly surface temperature and the semi-decadal mean monthly surface temperature projected in 2020 and 2030, Td ρ,20X0 , was calculated as:
where T n is the difference between the 2008 semi-decadal mean monthly surface temperature and the projected semi-decadal mean monthly surface temperature in grid cell n in the years 2020 or 2030 (where X=2 or X=3, respectively); a n is the surface area of a population grid cell n; A is the surface area of the province , and the summation is taken over the n population grid cells that fall within the boundaries of province . Td  was calculated in an analogous fashion. The Td  and Td  values thus represent the spatially averaged differences between the 2008 semi-decadal mean monthly surface temperature and the semi-decadal mean monthly surface temperatures projected for 2020 and 2030, respectively, across all grid cells.
To account for the uneven distribution of population across provinces, a populationweighted exposure to changing temperature, T  (°C), was calculated for each province, . In brief, to calculate T  each population grid cell (1.0 x 1.0 km) was assigned the projected temperature change of the overlying climate grid cell (1.25° lat x 1.875° long; approximately 100km x 200km) using ArcGIS 10.1 (ESRI, 2012). The temperature change in each grid cell was then multiplied by the proportion of the provincial population inhabiting that cell, and these values were summed across all population grid cells to generate T 20X0 in each province,  (equation 2.2):
where T n is the difference between the 2008 semi-decadal mean monthly surface temperature and the projected semi-decadal mean monthly surface temperature in grid cell n in the years 2020 or 2030 (where X=2 or X=3, respectively); p n is the population inhabiting grid cell n in the year 20X0; and P is the total population of province  in the year 20X0. The spatially averaged (Td  ), and the spatially averaged and populationweighted (T  ) semi-decadal mean monthly temperature deviations from the 2008 reference climate were calculated in 2020 based on output from each of the four RCP scenarios, and this process was repeated for the years surrounding 2030 (Supplementary  Tables 2 and 3 ). The resulting 2020 and 2030 T  values were used to obtain provincespecific RR adjusted, and IR adjusted, values (equations 1.1 and 1.3) for diarrheal diseases and vector-borne disease.
Estimation of the climate change attributable burden of disease Baseline health and infrastructure data and data sources
Estimates of baseline disease rates and water and sanitation access were drawn from our previous work describing the burden of disease attributable to unsafe water and sanitation in China in 2008 4 and adjusted for population growth, urbanization and water and sanitation infrastructure development. Vector-borne disease incidence was derived from China's national infectious disease reporting system (NIDR) and diarrheal disease incidence was estimated from an exposure based analysis using methods described elsewhere 4, 6 . Baseline incidence rates of these WSH-attributable diseases from our previous work 4 were adjusted for changes in population growth 25, 27 and provincial age distribution 25 before being used as baseline IRs (IR baseline,p ; equations 1.2 and 1.3) in the current analysis. Baseline province specific estimates of access to each water and sanitation access scenario from our previous work 4 were adjusted for urbanization and for changes in access to improved water and sanitation infrastructure according to the three development paths described below.
Projection of demographic changes
Gridded population density projections (1km x 1km) for 2000 were obtained from the National Aeronautics and Space Administration's Socio-Economic Data and Applications Center (SEDAC) 37 and projected forward using the province specific growth and urbanization rates obtained for 2020 and 2030 25, 27 . These sources were chosen in order to produce results most consistent with the midline UN projections for total and urban population for all of China 38 . While the sex-ratio was held constant at the level obtained from 2000 census data 4 , the province-specific age distributions for 2030 were provided by projections made by Toth et al. (2003) 25 . Province-specific age distributions for 2020 were not available at the time of this analysis, and thus the 2020 province-specific age distributions were taken from predictions for 2015 25 ; however, the province-specific age distributions projected by Toth (2003) for 2015 25 result in a country-wide age distribution that matches the UN midline predictions for China in 2020 to within three percentage points 38 
.
China's population growth and rapid rates of urbanization and internal migration were thus accounted for using projections of the overall urban proportion of each provincial population for 2020 and 2030 that incorporated province-specific estimates of internal migration and urbanization 25, 27 . The resulting population distributions were summed across each province to generate total projected provincial populations in 2020 and 2030; these were compared and found to be in agreement with United Nations midline population projections 38 by a margin of 3.8% in 2020 and 2.4% in 2030. The projected provincial populations are presented in Supplementary Tables 2 and 3 .
Projection of changes in WSH access
Since 1990, rapid improvements in access to water in China have been driven by both urbanization of the population and improved access in rural areas 39 . At the same time, improved access to sanitation has been dramatic. Yet, while there is now nearly universal access in urban areas, coverage in rural areas is only 70% 39 . Guided by our previous work, we have defined improved water as including water from centralized, piped, regularly treated sources, and we have defined improved sanitation as sanitation systems able to isolate fecal waste (including sewer connections, triple compartment septic tanks, anaerobic biogas digesters, double barrel funnel type septic tanks, and urine-separating toilets with a septic tank) 4 . To examine the sensitivity of our results to assumptions regarding the rate of improvement in water and sanitation access, the WSH-attributable incidence of disease in 2020 and 2030 was estimated assuming three water and sanitation access development paths (depicted in Supplementary Figure 1 , and projecting that model forward to 2020 and 2030. These three water and sanitation access development paths represent increasingly ambitious policy options for China, and they were incorporated into twelve storylines (detailed in main text Table 1 ) for which the development delay attributable to climate change was estimated.
The demographic estimates of the overall urban proportion of each provincial population for 2020 and 2030 were used to define the proportion of the population experiencing the urban water and sanitation access scenario (scenario II). The projected rural proportion of the provincial populations were then assigned into the remaining water and sanitation access scenarios according to the three water and sanitation development paths, following the method used to define the baseline distributions reported in our earlier work 4 .
Estimating attributable burden and development delays
The overall burden of WSH-attributable disease (in DALYs per 1,000 population) was calculated for each province under each of twelve storylines for 2020 and 2030 (main text Table 1) using non-uniform age-weighting, 3% discounting, and age and sex specific incidence and mortality counts. Disability weights, and disease durations were drawn from established sources 4, 40 to facilitate comparisons. Each storyline was defined by a combination of one of the four RCP scenarios and one of three development paths for access to improved water and sanitation infrastructure. The burden of WSHattributable disease projected under each storyline was then compared to the burden of disease anticipated in 2020 and 2030 without the impact of climate change ('reference' storylines).
In order to summarize the impact of climate change on China's ongoing progress toward reducing WSH-attributable disease, a development delay, , at 2020 and 2030 was calculated for each province. The development delay expresses the additional time (in months) that a province would be required to continue to provide infrastructure improvement, health investments and other efforts in order to attain the burden of WSH-attributable disease predicted under a scenario without the impact of climate change (see Figure 1 in the main manuscript). The delay, , was then calculated as: 
Sensitivity and uncertainty analyses
Sensitivity analyses were carried out to examine the impact of stratified versus combined  estimates for diarrheal diseases. WSH-attributable incidence of diarrheal diseases was estimated by replacing the  values stratified by water and sanitation access scenario with a single, aggregate  obtained by aggregating all effect measures ( values) identified through the review of literature on diarrheal diseases and climate. In addition, the 95% confidence intervals of  values identified during the literature review were propagated through the analysis using standard, random effects meta-analysis techniques 21 in order to quantify the impact of the uncertainty in the parent studies on our final results.
Supplementary Results
Results of literature review and quantitative estimation of climate-health relationships
The results of the literature review and meta-analysis are presented in Supplementary Table 1, and are described for each disease below.
Diarrheal disease. Perhaps the most well-known of these studies, Checkley (2000) observed the daily number of children under the age of 10-years old admitted to a Peruvian hospital with diarrhea before, during, and after an El Niño event and described an increase in diarrheal disease incidence of 8% for each 1°C increase in mean ambient temperature (relative risk 1.08; 95% CI 1.07, 1.09) 15 . For patients over the age of 13-years old in Lima, Peru, Lama (2004) described a similar increase in the monthly incidence of diarrheal disease of 8.1% (95% CI 2.5, 14.1) for every 1°C increase in mean monthly temperature 41 . In Dhaka, Bangladesh, Hashizume (2007) described a 5.6% increase in the number of weekly, non-cholera diarrheal cases for every 1°C increase in mean weekly temperature (95%CI 3.4, 7.8)
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. Focusing on the impact of temperature on bacillary dysentery incidence in Jinan, China, Zhang and colleagues (2008) described an 11.4% increase in incidence for every 1°C increase in maximum ambient temperature (95% CI 10.19, 12.69) 42 ; however this study was excluded due to its focus on a single etiology of diarrheal disease. Singh and colleagues (2001) observed a 3.0% increase in the incidence of diarrhea among infants in Fiji for every 1°C increase in mean monthly temperature, on a one-month lag (95%CI 1.2, 5.0) 14 . Finally, Onozuka (2010) described a 7.7% increase in the incidence of infectious gastroenteritis cases with every 1°C increase in weekly mean temperature (95%CI 4.6, 10.8), observed in over 120 institutions across Fukuoka, Japan 16 . These studies were stratified by the water and sanitation access of their respective study populations, and assigned to the water and sanitation access scenarios described previously 4, 6 .
Malaria. Zhang and colleagues (2010) described the results of a 20-year time-series analysis of the incidence of malaria in Jinan, China; the results of two SARIMA regression models demonstrated a 10.2% (95%CI 7.7, 12.7) increase in malaria incidence for every 1°C increase in minimum temperature or a 13.8% (95%CI 11.8, 15.8) increase in malaria incidence for every 1°C increase in maximum temperature 43 . A time-series analysis of climate variables and malaria incidence in Yunnan, China demonstrated a 4.7% (95%CI 4.5, 5.0) increase in malaria incidence for every 1°C increase in mean monthly temperature 44 . Most recently, an analysis of civilian malaria cases from the Republic of Korea described a 16.1% (95%CI 15.3, 16.9) increase in malaria incidence for every 1°C increase in un-lagged mean weekly temperature, with the effect intensifying to a 17.7% (95% CI 16.9, 18.6) increase in malaria incidence for every 1°C increase in mean weekly temperature observed at a three week lag 45 .
Dengue fever. Lu and colleagues (2009) Japanese encephalitis. One study by Bi (2007) performed in Jinyi City, China described a 7.9% (95% CI 3.3, 12.6) increase in the incidence of Japanese encephalitis for every 1°C increase in mean maximum monthly temperature 50 . A similar study by Bi (2003) in Jieshou City, China observed a 7.68% increase in incidence for every 1°C increase in mean maximum monthly temperature 51 ; however this latter study failed to include confidence intervals or standard errors and was therefore excluded from the analysis.
Schistosomiasis and soil transmitted helminths.
A review of the literature describing the climate sensitivity of schistosomiasis and STHs identified two review articles 17, 18 ; one article describing the relationship between schistosomiasis infection and modifiable risk factors 19 ; and one analysis carrying out predictive risk mapping to identify the probable distribution of schistosomiasis under altered climate conditions 20 . These studies did not provide an estimate of α describing the relationship between climate variables and the incidence or prevalence of schistosomiasis nor soil transmitted helminths, and thus these diseases were excluded from the present analysis. , and thus the AR5 projection cited above, also developed using the four RCP scenarios, amounts to approximately 0.3-1.8°C of warming from 2008 to 2035, which is consistent with our estimated warming of 0.82 to 1.39°C during this time period 52 . By 2030, the population and GDP projections of RCP2.6, RCP4.5 and RCP6.0 do not differ from each other significantly. However, the 'Peak-Decline' pattern in radiative forcing experienced under RCP 2. Figure 4) , before the projected decline in radiative forcing occurs 5 . The HadGEM2-ES member performed well against observed temperatures, and in fact outperformed most of the CMIP5 models (see below). Additionally, the 5-year periods used in this study exhibited no systematic biases when compared with 10-year periods (see below).
Anticipated climate change
Assessing the representativeness of climate model and semi-decadal analysis
To evaluate whether HadGEM2-ES r2i1p1 (member 2) performed well in reproducing the climatological mean temperature, in Supplementary Figure 6 we compare HadGEM2-ES r2i1p1 (member 2), the HadGEM2-ES ensemble mean and a CMIP5 ensemble mean based on 33 CMIP5 models with a total of 53 members (Supplementary  Table 5 ), with observational data (http://www.esrl.noaa.gov/psd/data/gridded/data.UDel_AirT_Precip.html). We also compared the bias of HadGEM2-ES with the ensemble mean of each CMIP5 model (Supplementary Figure 6) . When compared to other CMIP5 models and members, HadGEM2-ES r2i1p1 (member 2) performed well against observed temperatures, and in fact outperformed most CMIP5 models (Supplementary Figure 6) . The biases from HadGEM2-ES r2i1p1 (member 2), HadGEM2-ES ensemble mean and CMIP5 mean were comparable when both 5-year and 10-year periods were evaluated, although the models tend to underestimate the temperature in western China (Supplementary Figure  5) . The 5-year periods used in this study exhibited no systematic biases when compared with 10-year periods (Supplementary Figure 5) .
In order to further illustrate the degree to which the model used was representative of anticipated climate change, we compared the 5-year and 10-year mean changes of temperature from HadGEM2-ES r2i1p1 (member 2), HadGEM2-ES ensemble mean and CMIP5 mean for RCP 4.5 (Supplementary Figure 7) and RCP 8.5 ( Supplementary  Figure 8) . HadGEM2-ES r2i1p1 (member 2) is generally consistent with CMIP5, with projected warming slightly stronger than the CMIP5 mean over parts of western China under RCP 4.5, and parts of eastern China under RCP 8.5.
Sensitivity analyses
We analyzed the sensitivity of the results to employing an aggregate  as well as  values stratified by four water and sanitation access scenarios. As described briefly in the main text, compared with using the aggregate , stratified values generally yielded slightly higher estimates for diarrheal disease burden. Estimates for 2020 ranged from 0.04% smaller to 1.19% larger and estimates for 2030 ranged from 0.44% smaller to 2.85% larger. Using stratified values made the smallest difference in estimates under storyline 3.1 (estimates using a stratified  are 0.04% smaller in 2020 and 0.14% smaller in 2030). Using stratified values yielded the largest difference for 2020 estimates under storyline 4.2, where estimates are 1.19% larger, and for 2030 estimates under storyline 4.3, where estimates are 2.85% larger. 
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